The quality of surface water is rapidly changing due to climatic variations, natural processes, and anthropogenic activities. The objectives of this study were to classify and analyze the surface water quality of 12 major rivers of Alberta on the basis of 17 parameters during the period of five years (i.e., 2004-2008) using principal component analysis (PCA), total exceedance model and clustering technique. Seven major principal components (PCs) with variability of about 89% were identified. These PCs were the indicators of watershed geology, mineralization and anthropogenic activities related to land use/cover. The seven dominant parameters revealed from the seven PCs were total dissolved solids (TDS), true color (TC), pH, iron (Fe), fecal coliform (FC), dissolved oxygen (DO), and turbidity (TUR). The normalized data of dominant parameters were used to develop a model for obtaining total exceedance. The exceedance values acquired from the total exceedance model were used to determine the patterns for the development of five clusters. The performance of the clusters was compared with the classes obtained in Canadian Water Quality Index (CWQI). Cluster 1, cluster 2, cluster 3, cluster 4 and cluster 5 showed agreements of 85.71%, 83.54%, 90.22%, 80.74%, and 83.40% with their respective CWQI classes on the basis of the data for all rivers during 2004-2008. The water quality was deteriorated in growing season due to snow melting. This methodology could be applied to classify the raw surface water quality, analyze the spatio-temporal trends and study the impacts of the factors affecting the water quality anywhere in the world.
Introduction
In general, the quality of waters in rivers and lakes depends on climate, land use, land cover, geographical and anthropogenic factors [1] [2] [3] [4] . Climatic factors, such as melting snow over high latitudes and precipitation wash material from the land surface into the water-bodies. Various land use activities (e.g., wood logging, agricultural, mining and urban development) can be potential sources of pollutants, which impact the water quality. Thus, it is important to classify the raw surface water quality and study the spatio-temporal impacts due to anthropogenic activities and climatic factors.
In Alberta, 17 water quality-related parameters are periodically measured for 12 major rivers at 23 fixed sampling sites. These data are then analyzed using the Cana-dian Water Quality Index (CWQI) system developed by the Canadian Council of Ministers of the Environment (CCME); and represented as an index-value [5] . Despite the robustness and acceptance of CWQI, the data acquisition is labour intensive, time consuming and costly. Thus, it is worthwhile to investigate whether a lesser number of water quality-related parameters would produce similar CWQI-values.
In order to determine data redundancy in any dataset, one of the most commonly used methods is the employment of pattern recognition algorithms [6, 7] . Examples of such algorithms are principal component analysis (PCA) and clustering techniques. In PCA, the original set of parameters is transformed into uncorrelated principal components (PCs), which decrease the total variance. Each parameter contributes towards its respective PC and its contribution is determined by the loading values. PCA has been used in many water quality studies, such as 1) determining spatio-temporal changes in the water quality of Jajrood River [8] ; 2) comparing water quality of regional sites of Canada for spatial and temporal changes [9] ; 3) seasonal and spatial variations for surface water quality of Mid-Black Sea Coast in Turkey [10] ; and 4) impact of agricultural activities for Nathan Creek Watershed, British Columbia, Canada [11] .
The clustering techniques are used to find structure in data by identifying the groups (clusters) in the data and the objects are grouped on the basis of similarities within a class and dissimilarities among different classes. The similarities and dissimilarities are obtained on the basis of distance measures (e.g., Euclidean, Manhattan, etc.) using various clustering methods [12] . The clustering methods have been widely used in the water quality studies. For example: 1) clustering for chemical classification of water in Salado River [13] ; 2) Hierarchical agglomerative cluster analysis for delineating and grouping pollution causing areas [14] ; and 3) Fuzzy clustering of water quality parameters for Ulansuhai Lake [15] . In addition to classification of water quality, it is also important to understand the impact of causative factors on the surface water quality of rivers in Alberta. For this purpose geographic information system (GIS) was used as its application was found useful in studying the water quality [16, 17] . The objectives of this paper are to: 1) develop clusters for major rivers in Alberta on the basis of monthly water quality data; 2) evaluate the clusters using Canadian Water Quality Index (CWQI) system; 3) apply clusters for spatio-temporal analysis; and 4) study the impact of climatic factor (i.e., snow-melting) and land use activities on the water quality of the rivers.
Materials and Methods

Study Area and Data Requirements
The study area consists of 12 major rivers in Alberta as shown in Figure 1 . Alberta is a western province in Canada, which borders the province of British Columbia in west, and Saskatchewan in east. The mean annual temperature in winter varies from −25.1˚C to −9.6˚C and in summer it ranges from 8.7˚C to 18.5˚C. The mean average annual precipitation ranges from 333 mm to 989 mm [18] . The major land use/cover types are needle leaf forests (57.57%), grasses/cereal crops (30.11%) and broad leaf forests (5.25%). The province is dominated by boreal forest in the north and agriculture in the south. At each of the sites, we obtained the monthly values of the 17 water quality-related parameters for the period 2004-2008 from Alberta Environment. These parameters included: chloride (Cl), dissolved organic carbon (DOC), dissolved oxygen (DO), fecal coliforms (FC), fluoride (F), iron (Fe), manganese (Mn), pH, sodium (Na), sulfate (SO 4 ), total dissolved solids (TDS), total hardness (TH), total nitrogen (TN), total phosphorus (TP), true color (TC), turbidity (TUR) and water temperature (WT). There are guideline values for each of these parameters in the context of determining the water quality [19] [20] [21] . Those guidelines are summarized in Table 1 . In addition, we also used the maps for land use/cover and snowmelting time period to understand the impact on the surface water quality. Those included: 1) Moderate Resolution Imaging Spectroradiometer (MODIS)-based annual composite land use/cover map at 1 km spatial resolution (MOD12Q1 ver. 004) during 2004 available from National Aeronautics and Space Administration (NASA) [22] ; and 2) MODIS-derived snow melting time period map at 500 m spatial resolution during 2008 [23] .
Methods
The methods consisted of three major components, such as: 1) development of clusters; 2) evaluation of clusters; and 3) application of clusters. Brief descriptions of these components are as follows:
Development of Clusters
For the development of clusters, we followed four steps, i.e., 1) normalizing water quality data; 2) obtaining dominant parameters; 3) developing total exceedance model; and 4) identifying the cluster patterns.
In the first step, the data was normalized for 1) WT, TUR, TC, DOC, TP, TN, TDS, TH, Cl, SO 4 , pH > 8.5, Na, F, Mn and Fe using Equation (1); and 2) DO and pH < 6.5 using Equation (2 
In both the above equations (i.e., Equations (1) and (2)) we used the power of a constant number (i.e., 0.25) to reduce the spread between the parameters due to large variations in their measured values. As the guideline was 0 for FC therefore we normalized it by exponention with exponent equal to 0.25.
In the second step, we used PCA to identify the major PCs and obtain the dominant parameters using the normalized data [24] . The numbers of PCs were decided by setting eigenvalue to 0.5 and the loading values of parameters were obtained using varimax normalized rotation [8] . The loading values were divided into three classes (i.e., strong > 0.75, 0.75 > moderate > 0.5 and 0.5 > weak > 0.4). Parameter loading values less than 0.40 were not considered because of their minor significance in the data [25] . From each of the PCs, one of the parameters was selected as the dominant one on the basis of the highest loading-values.
In the third step, the normalized values of dominant parameters were used to develop a model for obtaining the total exceedance for each monitoring day during the period 2004-2008.
In the fourth step, the exceedance values (obtained from the third step) were used to identify the patterns to develop clusters for the classification of surface water quality of the rivers. Seventy percent of the results obtained from the total exceedance model were used to develop the clusters and the remaining thirty percent of the results were used to evaluate them.
Evaluation of Clusters
For quantitative evaluation, the percent cumulative agreements (in the form of deviation) between the clusters and CWQI classes were calculated for: 1) all rivers during the period 2004-2008; and 2) each river during the whole period of 2004-2008. Several equations were used for calculating CWQI (see Table 2 for more details). On the basis of quantitative values (i.e. 0 to 100) calculated using CWQI, the water quality at the sampling sites of rivers was categorized into five classes which are 1) 1: excellent (95 -100); 2) 2: good (80 -94); 3) 3: fair (60 -79); 4) 4: marginal (45 -59); and 5) 5: poor (0 -44) [5] .
Application of Clusters
The dominant clusters were identified for the growing season (April 1-September 30) and the winter months (Oct 1-March 31) for all the sampling sites during 2004-2008. These dominant clusters were used to under- 
Note: nse: normalized sum of excursion.
Copyright © 2013 SciRes. JEP stand the: 1) spatio-temporal patterns of the surface water quality of rivers; and 2) impact of land use/cover and snowmelt. To understand the influence of both the factors, all the rivers with their respective sampling sites were overlain in GIS on: MODIS based 1) land use/cover map; and 2) snowmelt time period map.
Results and Discussion
Major Principal Components and the Dominant Water Quality Parameters
PCA led to a set of seven principal components (PCs) using the normalized data during the period 2004-2008. These PCs had eigenvalues greater than 0.5. Individually they captured 31.5%, 20.8%, 12.6%, 9.1%, 6.1%, 5.6%, and 3.4% of the total variance (See Table 3 ). PC-1 revealed that four ions (i.e., Cl − , , Na + and F − ) accounted for most of the TDS, which was also related to the variation in TH. Thus it is interpreted as indicator of the watershed geology [26] . TDS was considered as the first dominant parameter due to having highest loading value (i.e., 0.94). PC-2 indicated three correlated parameters (i.e., TC, DOC, and TP). This could be an indi- 2 4 SO  cator of natural and anthropogenic mineralization of water quality [26, 27] . In this category, two parameters (i.e. TC and DOC) are strongly positively loaded with TC having the highest loading (i.e., 0.95). TC was considered as the second dominant parameter. PC-3 indicated that pH > 8.5 and pH < 6.5 are strongly loaded with similar magnitudes (i.e., 0.98). WT was weakly negatively loaded in PC-3. In general, temperature increase during the spring season would initiate the process of snow melting, which contributes to the variation of pH in the water. Thus it could be the indicator of anthropogenic activities related to different types of land use/cover [28] . In this component, pH was considered as the third dominant parameter. PC-4 indicated that two parameters (i.e., Mn and Fe) were strongly positively correlated. PC-4 was considered as an indicator of natural mineralization [26] . Fe was considered as the fourth dominant parameter due to its highest loading (i.e., 0.96). PC-5 indicated solely FC as a strongly positively loaded parameter (i.e., 0.98). As FC is related to land cover activities therefore PC-5 could also be the indicator of anthropogenic activities like PC-3. FC was identified as the fifth dominant parameter. PC-6 showed DO as exclusive strongly positively loaded parameter having loading value of 0.93. DO was identified as the sixth dominant parameter. PC-6 was considered as an indicator of natural mineralization like PC-4 [26] . PC-7 indicated TUR as strongly positively loaded and TP as moderately positively loaded parameter. TUR was considered as the seventh dominant parameter due to its highest loading value (i.e., 0.86).
The snow melting and precipitation from the different types of land use/cover increase the sediment levels in the surface waters, which increase TUR. In PC-7, both the parameters (i.e., TUR and TP) are related to land cover activities. Like PC-3 and PC-5, it could also be considered as an indicator of anthropogenic activities related to different land cover types [28, 29] . Thus, the seven dominant parameters obtained from PCA were: TDS, TC, pH, Fe, FC, DO, and TUR.
Databases of Clusters and CWQI Classes for Classification of Water Quality
The normalized values of dominant parameters, obtained using Equations (1) and (2), were used to develop a model for obtaining total exceedance as given in Equation (3):
Using Equation (3), we calculated the total exceedance values for the normalized data of the dominant parameters during 2004-2008. All of these exceedance values were then used to identify the patterns for the develop-the times (i.e., in between 80% -100% of the cases). In limited number of cases, we observed that the agreement for 0 deviation was between 20% -73% of the cases for Battle River, Elbow River, Milk River, South Saskatchewan River and Peace River. This difference in agreements from majority of the rivers could be related to the impact of exceedance for parameters other than the dominant once. The quantitative evaluation showed a reasonably strong match between clusters and CWQI classes, which indicates the suitability and usefulness of cluster based classification system for the surface water quality of major rivers of Alberta. The clusters were plotted against CWQI classes for a sampling site of Bow River (i.e., BOR-1) over a period of five years (i.e. 2004-2008) as shown in Figure 4 . In this figure, about 90% of observed data showed complete match between clusters and classes whereas only 10% of observed data showed the deviation of ±1. Overall, the patterns of clusters matched quite well with the patterns of CWQI classes as shown in the Figure 4 . ment and evaluation of five clusters. For presentation of cluster patterns in this paper, we used the minimum, maximum and mean exceedance values of dominant parameters as shown in Figure 2 . It is obvious that minimum, maximum, and mean increase from cluster 1 towards cluster 5.
We used these clusters to define the water quality of rivers, which could change from cluster 1 towards cluster 5. The water quality deteriorates from cluster 1 to cluster 5. A database of clusters was developed by obtaining the clusters for all the sampling sites of rivers to classify the water quality in each month during 2004-2008. Another database of CWQI classes was also developed for the classification of water quality of rivers during the same time period.
Comparison of Clusters with CWQI Classes
Figures 3(a) and (b) shows a comparison between % cumulative agreement and deviation for clusters with
CWQI classes using the data of all rivers during the period 2004-2008. In the cluster development, the agreements for 0 deviation were 85.71%, 83.54%, 90.22%, 80.74%, and 83.40% for cluster 1, cluster 2, cluster 3, cluster 4 and cluster 5 respectively as shown in Figure  3(a) . For the respective five clusters, the agreements for ±1 deviation were 14.29%, 16.46%, 8.83%, 19.26%, and 16.60%. An agreement of 0.95% was observed for ±2 deviation in cluster 3. In the cluster evaluation, the agreements for 0 deviation were 87.50%, 81.82%, 89.51%, 80.64% and 81.63% for cluster 1, cluster 2, cluster 3, cluster 4 and cluster 5 respectively as shown in Figure 3(b) . In these five clusters, the agreements for ±1 deviation were 12.50%, 18.18%, 9.09%, 19.36%, and 18.37% respectively. The agreement of 1.40% was found for ±2 deviation in cluster 3. These percentages of agreements showed very close match of clusters with CWQI classes. Table 4 shows the % agreement for the deviations calculated for each river during the period 2004-2008. From Table 4 , we found 0 deviation (i.e., 100% agreement) for majority of the rivers for most of
Application of Clusters for Spatio-Temporal Trends
We discussed below the classified water quality for five of the twelve major rivers in Alberta on the basis of clusters. The monthly clusters obtained for these five rivers during the period 2004-2008 are shown in Tables 5-7. An example for studying the spatio-temporal trends from the clusters is presented in Figure 5 for all the sampling sites on the Bow River (see Section 3.4.2). The impacts of land cover (Figure 6(a) ) and snow melting (Figure 6(b) ) on the water quality of rivers was also discussed in the same sub-sections.
Athabasca River
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Bow River
We obtained the dominant clusters from Table 6 for from winter to growing season for all sampling sites was related to snow melting period. Figure 6(b) indicates that the snow melting period in year 2008 started earlier (i.e., before 5-Apr-08) for BOR-2, BOR-3 and BOR-4 as compared to snow melting period of BOR-1 (i.e., 6-Apr-08 to 15-May-08). The snow melting period could also contribute towards the deterioration of surface quality of Bow River in 2004-2007. The cluster results also revealed that the surface water quality of Bow River in BOR-2, BOR-3 and BOR-4 deteriorated as compared to BOR-1 during the growing season. This was related to the agricultural activities of cereal and broad leaf crops as these three sites are located in adjacent agricultural areas as shown in Figure 6(a) . In comparison, BOR-1 is located near a needle leaf forest. Agriculture consumes 90% of the total water usage in South Saskatchewan River Basin and the Bow River is one the major rivers of this basin [28] .
Milk River
For the sampling site (MR-1) of Milk River, the dominant cluster was cluster 5 in growing season as well as in winter during the period 2004-2008 as given in Table 7 .
The dominant land cover type around Milk River is cereal crops/grasses and the snow melting period around this river was before 5-April-08 as shown in Figures 6(a)  and (b) respectively. The deteriorated water quality of Milk River in growing season was because of agricultural activities and surface runoff due to snow melting.
The natural mineralization in Milk River due to manganese and iron could be a significant factor for unsatisfactory water quality throughout the year [26] . Table 7 shows that the dominant cluster for both sampling sites (NSR-1 and NSR-2) of North Saskatchewan River was cluster 3 each year in winter during the period Figure 6(a) . Cluster 4 and cluster 5 for NSR-1 and NSR-2 in the growing seasons during the period 2004-2008 were due to the agricultural activities. In 2008, the snow melting period was between 6-Apr-08 to 15-May-08; which changed the cluster from 1) cluster 3 in April to cluster 4 in May for NSR-1; and 2) cluster 3 in April to cluster 5 in May for NSR-2 as shown in Figure 6(b) . The variation of clusters in different months during the period 2004-2008 was related to snow melting. The potential sources of contamination for the North Saskatchewan River could be the pollutants carried by snowmelt from the activities related to agriculture and forestry [31] .
North Saskatchewan River
Peace River
The dominant cluster was cluster 3 for PR-1 in winter season during the period 2004-2008 as obvious from Table 7 . From this table, we also observed that during the growing seasons, the dominant cluster for PR-1 was: 1) (Figure 6(a) ) shows that the upstream of Peace River and the area surrounded by the sampling site (PR-1) have cereal crops/grasses whereas the downstream of Peace River is dominated by needle leaf forests. The potential sources of contamination were runoff due to the forests and the agricultural activities [30] .
Conclusions
In this paper, we classified and analyzed the surface water quality for 12 major rivers in Alberta using the data of 17 parameters for 23 sampling sites during 2004-2008. For classifying the water quality, the clusters were developed and evaluated using CWQI. We developed the normalization models on the basis of Canadian water quality guidelines. The normalized data was then used for PCA to obtain the PCs and identify the dominant parameters. The dominant parameters were used to develop the total exceedance model. The exceedance values of dominant parameters were used to generate the clusters on the basis of identified patterns. The clusters were applied for spatio-temporal analysis. From PCA, we found that PC-1 was indicator of watershed geology. PC-2, PC-4, and PC-6 were indicators of natural and anthropogenic mineralization. PC-3, PC-5 and PC-7 were indicators of activities related to land use/cover. The clusters for all the rivers showed a very strong relationship with CWQI classes. From the cluster analysis, mostly higher (worse condition) cluster number (i.e. 4, 5) were observed for majority of the rivers in the growing seasons as compared to the lower cluster numbers (i.e. 1, 2, 3) in the winters. These would be related to the fact that the snow melting would potentially deteriorate the water quality due to anthropogenic activities from different land use/cover as interpreted in PC-3, PC-5 and PC-7. The agricultural activities were also responsible for deteriorating the water quality of rivers during the growing seasons. We observed the most deteriorated water quality for Battle River and Milk River. The methodology of this study was useful in: 1) grouping a large set of parameters into smaller set of meaningful PCs; 2) interpreting each PC for some natural or anthropogenic activity; 3) identifying the dominant parameters; 4) classifying the large water bodies into clusters; 5) identifying the patterns of clusters; 6) performing the spatial analysis; 7) obtaining the temporal trends; and 8) identifying the potential contamination sources. We suggest applying this method for monitoring, classifying and analyzing the surface water quality in an economical, efficient and user-friendly manner.
